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Abstract: We consider a network representation of the Egyptian Stock Market price data; this network constructed by
calculating correlations between each pairs of stocks based on the closing prices over a specific time intervals .This
type of networks called the “Market Graph” which make it possible to the study of the structural properties of the
graph. A recent technique to summarize the stock prices data can be based on representing the stock market as a

graph.
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1. INTRODUCTION

In this paper we give an overview on the statistical
market data analysis based on the network approach.
Based on this approach the stock prices are represented
as a graph where the vertex represent stocks price and
the edge represent links between stocks if the
correlation coefficient with specific value met
“Threshold value” . The links between stocks prices
can be measured in a different ways [23]. The widely
used method is to use the Pearson correlation. In the
first part of this research paper different alternatives of
guantifying the similarity and explain their
characteristics. Some phenomena can be viewed as a
complex network which show some fundamental
theoretic characteristics such as epidemiology,
computer networks .
While Stock markets produce every day a huge
amount of data. The data are stored in different
databases and data warehouses. The analysts of the
stock market are looking for new and sophisticated
tools for the market data analysis[16].In the context of
guantifying some of complex networks in the real
world  appears in many applications such as ;
Information networks i.e. network of citations of
scientific papers, the WWW, network of collaboration
of research, etc; in communications and Technological
networks ,the internet, communication network, power
networks, etc; Biological networks cell, neural
networks, protein networks, etc;. Social and economic
networks and relationship among individuals (persons,
cities, firms, income of individuals, etc...) .
To model and obtain an appropriate information about
such complex type of data structure; Statistics and
statistical mechanics of complex networks technique
are relevant to such data [22]. With the main property
scale-free networks that some vertices are highly
connected while most nodes of low degree and they
are independent of size of nodes. The degree

distribution defined by a power law relation defined by

P(K)~k™Y Where the probability P(k) that the
network connects with k other vertices is proportional
to k™Y ,which give a good fit to real world data, most
real networked data [12,22] exhibit a varying
coefficient y in closed interval from [2,3]

In this paper, Basic foundation of data
representation of complex networks and networks
topologies are represented in section two, section three
is an overview about the literature of Scale-free
networks with power law distributions of degrees.
With special emphasis of the Economic Networks
those which appear in stock markets data. Section four
is the empirical findings of the characterization of the
Correlation-Based Complex Networks of Modeling
Stock Market and Degree-Based Index in the Egyptian
Exchange. As one of the characteristics of the market
graph, the correlation distribution  provides
Information about how the stocks are correlated to one
another, thus telling us what type of market structure
we are dealing with.

2. Literature Review

The main interest is to quantify the topological
properties of the resulted complex network such as
degree distribution; clustering coefficient, shortest
connected path, etc... Many researchers and Data
scientists observed a Long time statistical behavior
of some characteristic quantities of the networks,
especially those characterizing the connectedness
of the networks, Degree distribution fraction of
edges linked with a vertex. Clustering coefficient
average number of edges linking neighborhoods of
the same node, characterizing the transitivity of the
networks; Length of the shortest path between two
nodes; etc. Heavy tailed property in complex
networks which represented by Scale-Free
invariants , "Heavy tailed distributions " can be
seen in many real life data e.g. income
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distributions; city-size distributions; Power law
distributions of citations of scientific papers, of
linking of web pages; etc.
[Tse and Liu 2005] constructed a complex
networks to study the correlation between the
stock close prices for US stocks that were traded
from July 1, 2005 to August 30, 2007.the vertices
are the stocks and the edges are specified by the
correlation between stock price and the price
returns, using a winner-take-all approach ,which
determine if two vertex are connected by an edge.
They found that the network of stock prices
formed full information about their
interdependence. And they found that the
distribution of the number of links “edge “follows
a power law. [Tse and Liu 2005] suggest that the
variation of stock prices are strongly influenced by
a moderately small number of stocks.
[YOUN,et al. 2011]used the daily prices data of 360
stocks from(Jan 1990 to August 2008) in Korean
market to examine the sector dynamics of Korean
Stock Market and the market volatility, and hence to
explore the network structure of the Korean stock
market . [YOUN et al., 2011] started with constructing
a weighted network of price correlations Based on the
four measures, [YOUN et al., 2011] were able to
categorize "Financials,” "Information Technology" and
"Industrials" sectors into one group, and "Materials"
and "Consumer Discretionary" sectors into another
group.
[Nobi,Lee ,Lee 2014] this paper investigated How the
correlation and the price- return correlation networks
of 30 global indices and Korean indices were changed
during the last decade ,the started with the calculation
of the correlations among all the indices and choosing
threshold network by assigning a threshold value and
exploring the network topologies, they documented a
significant change in the return correlation network
topology during the global financial crises .

3. Graph Terminology and Notation

In line with empirical studies of large scale stock
prices data sets ;[Ozsoylev,Walden:2010] used asset
pricing key variables such as price and volatility as
function of the network topology ,they interested in the
type of networks that have a power law degree
distributions, several results were obtained ,for
example, the stock price volatility is a non-monotone
function of network connectedness .

By using spectral and network methods in the analysis
of correlation matrices of stock returns, [Heimoa and
Kaskia ,2007] argued that the correlation matrices
obtained from stock return time series contain
information on the behavior of the market, the authors
studied a subset of NYSE listed shares and applied
three different techniques of analysis :spectral analysis,
asset trees and asset graphs ,and by this types of
analysis they illustrated which networks has a
strongest correlations. [Zalesky, Fornito.,2012]
demonstrates that correlation as a measure of links rise
to networks with random topological properties. In
particular, networks in which connectivity is measured
using correlation are less clustered than non- random
networks.

[Song, Dong-Ming, et al. 2012] investigate the daily
correlation present among market indices of stock
exchanges located all over the world in the time period
Jan 1996 - Jul 2009. The main finding is that the
correlation among market indices presents both a fast
and a slow dynamics. They provide evidence that the
short term timescale of correlation among market
indices is less than 3 trading months (about 60 trading
days). The average values of the non diagonal
elements of the correlation matrix, correlation based
graphs and the spectral properties of the largest
eigenvalues and eigenvectors of the correlation matrix
are carrying information about the fast and slow
dynamics of correlation of market indices.

A graph G is a pair (V,E) where V is a set of vertices and E is a set of unordered pairs of elements of V (the edges).
We call the order of the graph n=|V| and the size of the graph s=|E|. We will denote the edge from v to w as vw. For
v,weV the distance d(v,w) is defined to be the minimum path length from v to w in E. The (closed) k™-order

neighborhood (or k-neighborhood) of a vertex v is the set of vertices of distance at most k from v [6,7]:
N, (V) ={weV :d(v,w) <k}

The degree of a vertex v is the number of edges incident on v.
A graph: G is denoted as G = (N, L), where N is the number of nodes in the network, and L is the number of links.
A complete graph or full network G = Ky is a graph which has a link between every pair of nodes. This graph consists

N(N —1)

of N nodes and L = links.
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Adjacent vertices: Two vertices a and b are adjacent if they are connected by an edge E (a, b).
Adjacency matrix: Let G (V, E) be a graph, and |V| x |[V| matrix M. An adjacent matrix M is defined as follows:

{aij =1 if there exist a path from v, to v,

a; =0 otherwise
Complete graph: A complete graph is a simple graph such that each pair of vertices is connected by an edge.

4, A Brief Review of Power Law

Definition (1): Ar.v. X is said to have a power law distribution (in the tail) if
(in the strict sense) = positive constants C and a and X, such that
F(X) =cx™ for X > X,;
Power Law or Scale-Free distribution is a general class of distributions with : Scale invariance feature , such feature
,when applied to a data generating process then it called scale invariant if the probability density function is similar at
all scales. This power laws are widely seen and appears in different settings in biology ,physics ,demography and
finance with different data generating mechanism [Gabaix et.al .2003].

scale-free networks, will have larger fluctuations from the average value. The standard method for measuring the
heterogeneity of a network is to study the moments of the degree distribution.

5. Methodology and Data

The Egyptian Exchange, being the largest exchange in Arab world in terms of listed members has over 240 stocks
listed on it. However, the top 30 stocks contribute to more than 85% of the total market capitalization of the exchange.
Hence an analysis of these stocks would give us a picture of the network structure of the exchange. The timespane in
this study is 10 financial years from, 1st January 2004 to 31st May 2014. Any stock which has not been in the top 30
companies consistently over these 10 years (including newly listed companies) are excluded from the analysis. This
process of filtering identified 25 companies which have been in the top 30 list of the EGX over the past 10 years. The
data is collected from the archives of the EGX, as published on its website.

Using this newly obtained time series of percentage changes in the prices, cross correlations are computed for every
possible pair, in a time window of +10 trading days. Cross correlation is calculated by using the relation as in [9]

Where X, and Y, represent two return series.

The fundamental method for building the stock price correlation network consists of two steps;

The first step is to find the correlation between each pair of stock prices in the same time series. The second step
applies a criterion to connect the stocks based on their correlation. Many algorithms to connect pairs of correlated
stocks among them, and widely used method is the minimum spanning tree method. Some methods for
example; planar maximally filtered graph, and winner take all method or rich get richer. The procedure for
finding correlation between stocks remains the same for the above mentioned methods [11] .

Step 1: Pick the time series price data under investigation.

Step 2: For a particular time series selected from step 1, find the cross correlation for each pair of stocks using
the cross correlation formula.

Step 3: Compute the cross correlation for all the stocks and create a cross correlation matrix .
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Step 4: In case of the minimum spanning tree method a metric distance d;; is calculated using the cross correlation

matrix.[1] d;; = (2(1 - Cij)O'S)

One should note that in step 4 the nodes are linked based on a threshold.

Where d;; is the link or edge Euclidian distance between stock i and stock j., i.e., some high correlated nodes are
discarded and low correlated nodes are retained because of the topological reduction criteria.[11] Tse, et al. introduced
the winner take all connection criterion where in the drawback of minimum spanning tree and planar maximally

filtered graph are eliminated.[11] In winner take all method, step 1-3 are retained.

A lose of information based on the type of algorithm to generate a topological reduction criteria ,such as minimum
spanning tree and planar maximally filtered graph may occurs. For example, some strong correlated vertices may

happen to be removed, or some of very weak correlated vertices remain.

Like in many Stock Market network, the degree distribution of the Egyptian Exchange market graph exhibit a power

law pattern, as in Fig .1.,
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Fig.1. Frequency of degree of EGX30 networks for threshold =0.4 ,with exponent=.76.
N.B) the calculations and figures in this paper are obtained by using R open source software igraph, Statnet.
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Correlation Threshold

The threshold values (8) can be set between 0 and 1. [15] showed that for large values of threshold (0.7, 0.8, and 0.9)
the stock correlation networks are scale free where the nodes linked in a manner that their degree distribution follows
a power law.

Table 1. List of network parameters

Parameter Value

Average Clustering 0.642
Coefficient

Average Path Length 1.05

Diameter 2
Radius 0
Number of Weakly 42

Connected Components

Average Degree 37.28

The network parameters identified (Table 1) give an idea of the network topology underlying The Egyptian Stock
Exchange. clustering coefficient of the network indicates highly interacting sets of stocks in the network. The diameter
of the network is small, indicating, the network is quite well connected, although the graph is not very dense.
From market graph of the largest 30 stocks traded in The Egyptian Exchange from [2003to 2013], we reviewed the
cross-correlation, the frequency of degree. We found that the frequency of degree for different threshold values
6 = 0.3,0.4 scales as a power law, but with different threshold values it fail to fit the power law distribution .

A. Conclusion

In this paper we dealt with the stock prices network data of the Egyptian Exchange known to be “Market Graph
Model”. The analysis of this model provides a basically practical technique for extracting information from the stock
market data. An important feature of the proposed model is the fact that it allows one to reveal certain patterns
underlying the financial data; therefore, it represents a structured data mining approach. Useful information about the
global properties of the stock market is noticed from the analysis of the degree distribution of the market graph.
Highly specific structure of this distribution suggests that the stock market can be analyzed using the power-law
model.
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